Abstract Recently, object-oriented classification techniques based on image segmentation approaches are being studied using high-resolution satellite images to extract various thematic information. In this study different types of land use/land cover (LULC) types were analysed by employing object-oriented classification approach to dual TerraSAR-X images (HH and HV polarisation) at African Sahel. For that purpose, multi-resolution segmentation (MRS) of the Definiens software was used for creating the image objects. Using the feature space optimisation (FSO) tool the attributes of the TerraSAR-X image were optimised in order to obtain the best separability among classes for the LULC mapping. The backscattering coefficients (BSC) for some classes were observed to be different for HH and HV polarisations. The best separation distance of the tested spectral, shape and textural features showed different variations among the discriminated LULC classes. An overall accuracy of 84 % with a kappa value 0.82 was resulted from the classification scheme, while accuracy differences among the classes were kept minimal. Finally, the results highlighted the importance of a combine use of TerraSAR-X data and object-oriented classification approaches as a useful source of information and technique for LULC analysis in the African Sahel drylands.
Introduction the change of land use pattern has always been an important cause to the environmental degradation observed in the African Sahel.
In general, LULC classification simplifies the spectrum of natural diversity by reducing to a finite number of manageable classes (Dobson et al. 1995; Al Fugara et al. 2009; Pradhan and Suleiman 2009) . One of the main applications of the synthetic aperture radar (SAR) remote sensing is the classification of different LULC (Dabboor et al. 2011) . Over the last decade SAR has been used widely for LULC analysis and mapping (Buchroithner and Granica 1997; Cloude and Pottier 1997; Buchroithner et al. 2000; Pierce et al. 1998 ; Van den Broek et al. 2004; Alberga 2007; Haack 2007; Kwarteng et al. 2008) . The use of SAR sensors is becoming more important in many disciplines of remote sensing applications. Their importance is based on the properties of SAR signals, which can be summarised into the following factors (Bruzzone et al. 2004 ): 1) the sensitivity of the backscattering coefficient to target geometry and permittivity; 2) the coherent nature of the electromagnetic pulse that permits interferometry; and 3) measures are independent of atmospheric conditions and solar illumination. While the first two factors mentioned above are related to the specific information contained in SAR signals, the third emphasizes the robustness and wide applicability of SAR techniques to solve various problems. Therefore, SAR sensors can play an important role in several application domains dealing with the production of LULC maps, especially in the cases where optical remote sensors fails due to the unavailability of cloud-free data (Bruzzone et al. 2004) .
TerraSAR-X is an X-band (9.65 GHz) high resolution German satellite which operating with a synthetic aperture radar (SAR) sensor as main payload. It was launched on June 15, 2007, with scheduled lifetime of 5 years (Lee and Pottier 2009 ). The satellite is placed in a polar orbit at 514 km with an inclination of 97.44°. The revisit time (orbit repeat cycle) of the satellite is 11 days (DLR 2009) . TerraSAR-X is the first spaceborne radar system that incorporates dualpolarisation as well as cross-polarisation capabilities at a high spatial resolution (Erasmi 2008) . The system is working with three main imaging modes, namely Stripmap, Spotlight and ScanSAR. These three modes resulted in geometrical resolutions ranging from 1 to 16 m (DLR 2009). Kuntz (2010) reported that very high resolution SAR systems such as TerraSAR-X provide new opportunities for improved mapping and monitoring of tropical landscapes. TerraSAR-X data has been widely used in various applications (Strozzi et al. 2009; Biro et al. 2009; Esch et al. 2010; Breidenbach et al. 2010; Kimura and Shimamura 2010; Tanase et al. 2010; Mahmoud et al. 2011) . Moreover, backscatter coefficients of the multi-temporal SAR images were used by Bruzzone et al. (2004) for producing high accuracy land cover mapping in an area around Bern, Switzerland., Object-oriented image analysis has been widely used as an effective tool for classification of highresolution satellite imagery (Herold et al. 2003; Thomas et al. 2003; Laliberte et al. 2007 ). It consists of three main steps: (a) image segmentation; (b) development of an image object hierarchy based on trained objects and; (c) classification (Blaschke and Hay 2001; Flanders et al. 2003; Benz et al. 2004 ). Object-oriented image classification is based on the assumption that image objects provide a more appropriate scale to map environmental features at multiple spatial scales and more relevant information than individual pixels (Gamanya et al. 2007 ). The advantage of using object-oriented image analysis is the capability to define criteria for image objects at set scales using spectral reflectance characteristics, as well as within object texture, shapes of features, context relationships, and ancillary spatial data of different spatial resolution consisting of both thematic and continuous data values (Navulur 2007) .
The main objective of this study is to evaluate the potential of TerraSAR-X data for LULC classification using an object-oriented approach in the drylands of the African Sahel. Further, it attempts to evaluate the potential of multi-resolution segmentation for identifying the field boundaries within the study area.
Study Area
The African Sahel covers a wider latitudinal belt that extends roughly between 10°and 20°N from the Atlantic to the Indian Ocean. The borders of the African Sahelian Zone are defined by the 300 mm rain isohyets in the north and the 800 mm rain isohyets in the south. The climate of this region is characterised by a monomodal precipitation pattern with a short rainy season period comprising of 3-4 months and a dry season lasting up to 7-9 months (Bationo and Buerkert 2001) .
The study area is located in the eastern part of the African Sahel in the Gadarif region of Sudan between 13.86°-14.23°N and 34.99°-35.27°E with a gentle slope of 0-1 %. Gadarif region covers a total area of approximately 78,000 km². The region displays semiarid climatic conditions where rainfall is erratic and concentrated in only few months of the year, mainly from June to October. The annual rainfall in the northern part is less than 500 mm. Temperatures range from a mean minimum of 22°C in winter to a mean maximum of 37°C in summer, while it may reach 40-42°C in April or May (Hamdoun et al. 1991) . The main soil types are heavy, dark coloured vertisols, in which Monmorillonite is the common clay type in the area and its content varies between 47 and 75 % (SKAP 1992) . Organic matter and nitrogen content of the soils are low, but as there is no deficiency of other plant nutrients: the soils are moderately fertile. The land use system in the area is dominated by agriculture, which includes sorghum and sesame crops cultivation, livestock rearing and forestry.
Data Used and Methodology
The overall methodology is depicted in Fig. 1 which includes field work, image pre-processing, MRS, classification and accuracy assessment.
Satellite Data, Ancillary and Field Data
At two times during the first half of November 2009, TerraSAR-X data were acquired in stripmap dualpolarization (HH/HV) mode to cover an area of about 900 km 2 . They were obtained in Enhanced Earth Corrected (EEC) format using precise orbit geometry information. Multi-looking of the data was applied by choosing the radiometrically enhanced (RE) option that accounts for radiometric interferences in the intensity images. The characteristic parameters of these data are listed in Table 1 .
Two field campaigns were carried out, and a total of 108 field samples were collected. Out of the field sampling data, 40 served as training data during the classification and the remaining 68 samples were used to evaluate the classification results. During the field survey eight LULC classes were identified (Table 2) . Moreover, field sample plots of 12 m×12 m were used to describe as well as to observe the patterns and boundaries of the cultivated, harvested, fallow and wood lands to be used for image segmentation evaluation. All field data were collected using a global positioning system (GPS) with a positional RMSE of ±3 m.
Image Pre-Processing
Generally, backscattering from a target is influenced by the relative orientation of the illuminated ground cell and the sensor as well as by the distance in range between them (Erasmi 2008) . The areas that were not appropriately depicted by the TerraSAR-X sensor (shadow and layover) were extracted from the geocoded incidence angle mask (GIM) which is delivered with the EEC product of TerraSAR-X. Therefore in order to minimise the impact of topography on the radar signal, the image pixel values were calibrated to normalise the BSC (sigma-naught in dB) using Eqs. 1 and 2 (Infoterra 2008):
where:
σ°dB backscattering coefficient in dB θloc local incidence angle from GIM β°dB radar brightness in dB Ks TerraSAR-X calibration factor DN digital number of TerraSAR-X EEC input image pixel.
To reduce the speckle in the TerraSAR-X images, three adaptive speckle filters, namely Enhanced Lee (EL), Enhanced Frost (EF; Lopes et al. 1990 ) and Gamma (Lopes et al. 1993 ) filters were used in this study. These locally adaptive speckle filters smoothen out the speckle in the homogeneous area while preserving texture and high frequency information in the heterogeneous areas.
The three filters were applied to the TerraSAR-X images with kernel window sizes of 3×3, 5×5 and 7×7. To identify an appropriate filter algorithm the Speckle Suppression Index (SSI) and differentiation statistic values were used. This index tends to be less than 1 if the filter performance is efficient in reducing speckle noise (Sheng and Xia 1996) . In addition, the lower standard deviation (Std) value might be a good indicator for a suitable adaptive algorithm. The SSI is based on the following equation:
The two SAR images were rectified to the geometry of Level 1B ASTER image acquired on 17. 01. 2009, which is geometrically corrected using 30 homogeneously distributed ground control points (Abrams et al. 2002) . For this purpose, second-order polynomial equations were used, resulting in an RMS error of 0.6 pixels for both x and y directions. Using the nearest neighbour method the pixels were resampled to a size of 4 m×4 m. Subsequently the two images were mosaiced to cover the entire study area.
Object-Oriented Classification Approach
The Definiens developer software version 7.0 (www. definiens.com) was used for object-oriented classification which includes image segmentation and classification tools.
Image Segmentation
In this study TerraSAR-X image objects were created by means of the MRS algorithm introduced by Baatz and Schäpe (2000) , which is implemented in the commercial image analysis software Definiens eCognition (Blaschke et al. 2005) . MRS is an optimisation procedure which locally minimises the average heterogeneity of image objects for a given resolution. It can be applied on the pixel level or an image object level (Navulur 2007) . The MRS was applied to the both HH and HV polarisations.
The tested MRS parameters which were based on trails are listed in Table 3 . The smoothness vs. compactness weight is 0.5/0.5. The image weight in segmentation is equal for each polarisation. On the other hand when the weight of the shape criterion is 1 then the objects become highly optimised spatial homogeneity. However, the shape criterion cannot have a value of more than 0.9, owing to the fact that without the spectral information of the image the resulting objects would not be related to the spectral information at all. The colour criterion is indirectly defined by the shape value, and the sum of the two parameters is 1. Compactness and smoothness can be varied between 0 and 1 (Definiens 2007) . Due to unavailability of high resolution optical data or aerial photograph for the study area during the growing season of the year 2009/2010, t, the segmentation results were evaluated by using the field survey data obtained during images acquisition time. Moreover, visual interpretation of the field boundaries were performed for the related agricultural classes (i.e. cultivated, harvested and fallow lands) which were mostly well discernible in the TerraSAR-X image (Fig. 2c, d , e, f, g and h).
Feature Space Optimisation and Image Classification
The nearest neighbour classifier of the FSO Tool applies the user-selected samples method as reported by Benz et al. (2004) . In the FSO procedure, each object can be characterised by a number of features. These features include spectral, shape, and textural data (Platt and Rapoza 2008 ). Several features were tested using a combination of HH and HV bands. These features were listed in Table 4 . The details about the tested features can be seen in Definiens Reference Book (Definiens 2007) . and HV polarisation respectively. Sites e-h were segmented with the parameters as indicated in (Table 3) . Areas in blue circles are referred to in the text Nearest-neighbour classification is more appropriate when classes are more difficult to separate from each other, because this approach is better suited for evaluating the correlation between object features and for describing a multi-dimensional feature space (Definiens 2003) . Nearest-neighbour classification in Definiens is similar to supervised classifications in common image analysis software. The user needs to select the training areas, which are typically representatives of a class. In Definiens such training areas are referred to as samples or sample objects (Definiens 2003) . Prior to the classification process all training areas were compared geometrically to the segmentation results using the reference field data (Riedel, et al. 2006) .
Results and Discussion
Image Filtering Table 5 lists the values of mean and standard deviation for the raw and filtered images with different kernel sizes. The changes of these two parameters with respect to the corresponding values for the raw imagery as well as the mean/standard deviation value are also given. Table 5 shows that the Gamma filter with kernel size of 7×7 yielded the best results. The output values of the speckle suppression index (SSI) for the Gamma algorithm with a kernel size of 7×7 has given the best result compared to the other filters. It is clear that speckle variations are reduced after performing Gamma algorithm (Fig. 2a and b) . According to Maged (2001) , the gamma algorithm provides very high speckle reduction, while preserving the spatial resolution. In addition, textural properties of the SAR data were much better preserved by using the Gamma filter (Nezry et al. 1995) . Also it has been reported by de Leeuw and de Carvalho (2007) that the Gamma filter with a 7×7 window size was able to significantly suppress speckle noise, with speckle reduction rate up to 70 %.
Backscatter Coefficients for Different LULC Types
Prior to image filtering, backscatter coefficients (BSC) for the different LULC types were determined using Eq. (1). Table 6 shows the variation in backscatter for the identified LULC plots during the field survey along HH and HV polarisations. From Table 6 it can be seen that the backscatter values for the cultivated, harvested, fallow, wood and bare lands were higher in HH polarisation than that of the HV polarisation. Therefore, these classes were appeared different along the two polarisations. However, less variation in the backscatter values were observed for the rock, settlement 1, settlement 2 and water classes along the two polarisations. The differences in the BSC values for the same class were mainly attributed to the texture variations at the two polarisations. The texture variations between the HH and HV polarisations can be visually observed in Fig. 2c and d . Moreover, t-test indicated that there was a significant difference (p< 0.05) in the backscatter mean values between the cultivated land and the later LULC types (Table 7) . Although t-test shows a significant difference (p< 0.05) between fallow and wood land areas with respect to the mean backscatter values, these classes are difficult to be distinguished. This may be due to the presence of shrubs and dry grass covering in both wood and fallow land areas resulting to a close backscattering reflectance from the two classes. Nevertheless, the backscattering mean values were found to be basic land cover categories in tropical areas when applying the backscatter coefficients.
Image Segmentation
In comparison to the field reference sample plots the MRS algorithm used in this study performed extremely well. Also field evidence-based visual interpretation showed sufficient agreement with the MRS results visually. Figure 2 shows portions of the segmentation results using the parameters listed in Table 3 for the agriculture-related classes (cultivated, harvested and fallow lands). The scale parameter was tested in order to achieve segment sizes by defining for all LULC classes (agriculture-related classes). As per recommendation of the algorithm developers (Baatz and Schäpe 2000; Definiens 2003) , colour homogeneity was weighted more heavily than shape homogeneity. Smoothness and compactness of shape were considered of equal weight.
In order to identify the field boundaries, both smooth and compact type of blocky segments was considered. For that reason, the ratio of smoothness/compactness weight combination was kept constant at 0.5/0.5.
The segmentation results in Fig. 2e and f look similar and do not adequately represent the LULC classes of the reference areas, when comparing them visually with Fig. 2c and d. A comparison between the two segmentation results of the Fig. 2g and h show that the segmentation of Fig. 2h identified the field boundaries in this portion of the study area rather correctly as indicated by blue circles. For that reason the segmentation parameters of Fig. 2h were chosen as an optimum for the LULC classification (i.e. correspond to level 4 in Table 3 ). This segmentation was also corresponding to the urban land use areas (settlement 1 and settlement 2) as well as to the rock and water classes. The later segmentation results were visually evaluated using the data illustrated in Fig. 2a and b. Visual inspection was used by Riedel et al. (2006) to evaluate the segmentation results of broad 
Image Classification
The LULC maps of the study area are shown in Fig. 3 . The object-oriented classification approach was effective in producing more generalised and close-to-reality LULC maps without mixed classes and boundary effects. The classification result shown in Fig. 3a provided only seven classes. In a further step the agricultural land use area was classified into two subclasses namely cultivated land and harvested land as illustrated in Fig. 3b .
For the final classification, the urban area was classified into two classes (Fig. 3c ): "Settlement 1" which consists of metal-roof buildings and the buildings made from the local material such as wood, mud and grass; and "Settlement 2" which represents the concrete (roof) buildings.
The separability of the LULC classes using a combination of HH and HV polarisations was assessed at the object level by applying the shape features as well as the maximum difference of the mean spectral feature. From Fig. 4 , it can be seen that the maximum separability among these pair of classes are: cultivated-harvested, cultivated-fallow, harvestedfallow and fallow-bare lands. However the discrimination between the harvested and bare lands was best described by border length, perimeter (polygon) and area. Nevertheless, the differentiation between the fallow and bare land was only best separated by perimeter (polygon). Shape index indicated best separability distance for the bare-rock, rock-settlement 1 and rocksettlement 2 pair classes. Also the main direction was showing a good separability for the bare-rock and rock-settlement 1 and rock-settlement 2 pair classes. Furthermore, distinguishing between the settlement 1 and settlement 2 was best by border length and perimeter (polygon).
In addition to the mean and standard deviation of the spectral features, the Grey Level Co-occurrence Matrix (GLCM) textural features were applied to each individual polarisation. This was to see the potential of the HH and HV polarisations for separating between the different LULC classes using a specific feature.
The separability between the different pair of classes at HH and HV polarisations is presented in Fig. 5 . Along HH polarisation the cultivated-woodland, fallow-woodland and bare-rock class pairs could be separated best using the GLCM entropy (Fig. 5a) . However, the best separability for the rock-settlement 2 and settlement 1-settlement 2 class pairs at HH polarisation was found when using the standard deviation. The later pair of classes was also thoroughly separated by the GLCM contrast and GLCM dissimilarity (Fig. 5a ). In Fig. (5a) it can be seen that the best discrimination between rock and settlement 1 was given by the mean spectral feature. The mean spectral feature along HV polarisation showed the best differentiation among the cultivatedharvested, cultivated-fallow, harvested-fallow, fallowwoodland, fallow-bare and rock-settlement 1 class pairs (Fig. 5b) .
However the separability achieved by the standard deviation, GLCM contrast and GLCM dissimilarity along HV polarisation was almost similar to their performance along HH polarisation for the same class pairs (Fig. 5a and b) . Also, low separability values were observed for the GLCM entropy at HV polarisation compared to that at HH polarisation for the same class pairs.
In many studies object-oriented classification was proved to be accurate (Elmqvist et al. 2008; Platt and Rapoza 2008; Johansen et al. 2009 ). The selection of the segmentation parameters and object features are however time-consuming, since they are based on a try-and-error process (Hay et al. 2005) . Also, the advantage of TerraSAR-X stripmap data for land cover classification in tropical's was reported by Kuntz (2010) . He revealed that the TerraSAR-X stripmap multi-temporal imagery was applied successfully for forest clear-cut mapping in Nicaragua using object-oriented classification approach. The most common approach for assessing the accuracy of the remotely sensed data is error or confusion matrix being recommended and adopted as the standard reporting convention (Congalton and Green 2009) . For accuracy assessment, 503 samples were selected using a random sample generator tool. The samples were then labelled into their respective classes and a confusion matrix was built. The accuracy assessment in Definiens is based on comparing training and test samples as objects expressed in numbers of pixels. The accuracy statistics of the final classification result is shown in Table 8 . The overall accuracy is 84.7 % with a Kappa index of agreement of 82 %.
The obtained classification accuracy indicated that TerraSAR-X data has the potential for operational LULC mapping in the drylands of the African Sahel. Since the existing land use within this region is characterised by complex and scattered patterns of small and large agricultural fields. Also the improvement of the classification accuracy using SAR images can be achieved by applying multi-temporal data sets (Del Frate et al. 2003; Chust et al. 2004) . Moreover, visual interpretation of a high resolution multi-polarised SAR data was used for land use classification in the eastern part of the Netherlands (Van Den Broek et al. 2004 ).
Conclusions
The potential of TerraSAR-X dual polarisation data for LULC mapping in the Eastern part of the African Sahel was evaluated. The applied object-oriented classification technique is applicable for data with different polarisation. The FSO function was used to calculate the features that separate the classes best. Nevertheless, the selection of the appropriate features to differentiate between the different LULC types was based on a try and error procedure which was a timeconsuming. The applied spectral, textural and shape parameters show relatively stable classification results using these set of data during the dry season of the year 2009 for various LULC classes. The produced LULC maps can be used for general land use planning. The results indicated that TerraSAR-X data and the applied classification approach can be used in the other parts of the African Sahel or regions of similar environmental conditions. However, the applied classification approach can be compared with other types of supervised classification such as Whisart-h-a-alpha approach, which might improve the classification accuracy as indicated by Pottier and Lee (2000) . Moreover, the target of the future research needs to be focussed on the fusion of multitemporal and multi-polarisation SAR data for agricultural and urban land use areas for generating more detailed land cover maps. 
